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Applications of Earth Observations for the Monitoring
of Deforestation Dynamics in the Peruvian Amazon
In the context of global environmental change, deforestation in the Amazon is

a major concern for sustainable resource management, biodiversity conservation, and
climate change mitigation. Understanding the processes of land use and land cover
that drive deforestation is relevant towards more sustainable land management and
will aid global initiatives such as the United Nation Framework Convention on Climate
Change’s (UNFCCC) Reducing Emissions from Deforestation and forest Degradation
(REDD+). This thesis addresses the use of Earth Observations to monitor deforestation dynamics in the Madre de Dios region of Peru. Two papers are presented; the
first analyzes the spatial patterns of forest loss within and outside key land tenure
areas utilizing optical imagery and Spectral Mixture Analysis, and the second tests
the use of Synthetic Aperture Radar (SAR) time series data to distinguish deforestation drivers through a land use land cover classification decision tree. The results
from this study can be used to better regional policies related to deforestation in
Madre de Dios, and inform on the use of SAR C-band data to distinguish drivers in
a deforestation monitoring system.
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CHAPTER 1

INTRODUCTION

1.1

Overview

The Amazon is the largest and most diverse of the tropical rainforests. Encompassing more than 6 million km2 in nine countries of South America, it supports
the richest biodiversity in our planet (Laurance et al., 2012; Lewis et al., 2015).
Moreover, the Amazon provides invaluable ecosystem services, such as the regulation of regional and national hydrological regimes, and climate and terrestrial carbon
storage (Le Quéré et al., 2009; Strand et al., 2018). Over the past decades, the international community and researchers in numerous scholarly communities have turned
their attention to the issues surrounding the sustainability of human development,
degradation, and deforestation in tropical regions such as the Amazon rainforest.
The Amazon has experienced population expansion driven by high fertility, declining
mortality, and in-migration (Perz et al., 2005). However, since the 2000s, population
density is no longer pointed out as the principal determinant of tropical deforestation
in land-use studies (Tritsch and Le Tourneau, 2016); instead, it is viewed as a factor
interacting with complex social, economic, and political processes at local and global
levels (Pacheco et al., 2011; Uriarte et al., 2012). Therefore, understanding the pro1

cesses of Land Use and Land Cover (LULC) change that drive deforestation is crucial
for the development of policies and measures that aim to alter the current trends of
deforestation towards a more biodiversity and friendly outcome.
Comprising 66 million hectares, the Peruvian Amazon accounts for 60% of
Peru’s land mass and 90% of its forests. Moreover, Peru is considered a megadiverse country, containing approximately 10% of the worldwide species of flora, 2,000
species of fish, and 1,736 species of birds, which ranks in second in world in biodiversity (World Bank, 2013). The Peruvian Amazon is the second largest portion of
the Amazon, after Brazil. Deforestation in the Peruvian Amazon caused a loss of
2, 130, 123 ha from 2001 to 2017 with an average rate of 125, 301 ha/yr (MINAM,
2017) due to extractive activities such as agriculture, cattle ranching, mining, and
logging. Actions taken to advance forest conservation include new protected areas,
international treaties, and payment of ecosystem services (Scullion et al., 2014). Protected areas are the main instruments for biodiversity conservation in Peru, and
they account for approximately 17% of Peru’s total land surface (Miranda et al.,
2016). Although Peru’s rapid and sustained economic growth has substantially reduced poverty since the 2000, this economic prosperity has not reached the people
living in the Amazon - more than 2.7 million people live in the Peruvian Amazon
(INEI, 2017) including indigenous communities, and more than 70% of the people
living in the rural Amazon cannot meet one or more basic needs as defined by the
Peruvian government including access to clean water, quality of housing, or access to
schooling (Miranda et al., 2016). Moreover, most of the poorest departments in Peru
encompasses a large number of protected areas, which are often viewed at risk due to
2

forest loss associated with these social and economic problems (Asner and Tupayachi,
2017).
Deforestation results in many biophysical consequences including local soil erosion and runoff into rivers, endemic species loss, loss of environmental services, and
carbon emissions. The emissions of carbon from tropical deforestation are an important term in the global carbon budget (Canadell and Raupach, 2008; Le Quéré et al.,
2009). Therefore, in order to reduce carbon emissions related to deforestation and
forest degradation, many international bodies have developed various policies. Parties
to the United Nations Framewok Convention on Climate Change (UNFCCC) have
developed a mechanism for reducing emissions - Reducing Emissions from Deforestation and Forest Degradation project, fostering conservation, sustainably managing
forests, and improving forest stocks (REDD+). In this context, knowing the drivers
of deforestation is important for the development of more accurate forest reference
levels, since the amount of carbon emissions shifts according to the activities that
are driving deforestation (Houghton, 2012). The increased availability of satellitebased data has become central to land use and land cover change research at regional
and national scales, where traditional methods would be costly and time consuming.
Thus, the proposed research aims to utilize earth observations to monitor deforestation dynamics in the Madre de Dios of Peru. This project will assess spatial patterns
of forest loss within and outside key land tenure areas to analyze how conservation
efforts are playing a role in this region, and test the use of Synthetic Aperture Radar
(SAR) time series data to distinguish deforestation drivers through a land use land
cover classification method.
3

This thesis is divided into four chapters. This first chapter is an introduction
to the broader issue of deforestation and deforestation drivers in tropical regions,
specifically in the Peruvian Amazon rainforest, and describes the relevance to the
SERVIR program and to the UAH Atmospheric and Earth Science program. Chapter
two evaluates the spatial patterns of forest loss within and outside key land tenure
areas such as indigenous communities, protected areas, and mining concessions, from
2013 to 2018 in the Madre de Dios region to better understand land use land cover
dynamics. This chapter also evaluates the distribution of different drivers of forest
loss through a visual interpretation of optical imagery. Chapter three assesses the
potential of the use of SAR time series data to develop a LULC classification method
as an effort to distinguish drivers of deforestation, and provides useful information
on the applicability of the SAR dataset for LULC classification purposes. Finally,
chapter four presents a summary of the two studies in chapters two and three and
offers some general conclusions, limitations, and future directions.

1.2

Relevance to SERVIR and the UAH Atmospheric and Earth Science
program

This project is relevant to the mission of SERVIR as well as the University of
Alabama Atmospheric and Earth Science (AES) program. SERVIR is a joint initiative of the National Aeronautics and Space Administration (NASA) and the United
States Agency for International Development (USAID), and SERVIR works in partnership with leading regional organizations worldwide to help developing countries
use information provided by Earth observing satellites and geospatial technologies
4

for managing climate risks and land use. SERVIR-Amazonia seeks to strengthen
environmental monitoring in the Amazon region, with a focus on Peru, Colombia,
and Brazil and is headquartered at the Centro Internacional de Agricultura Tropical
(CIAT) in Cali, Colombia, in collaboration with the Asociación para la Conservación
de la Cuenca Amazónica (ACCA), Spatial Informatics Group (SIG), and the Instituto
de Manejo e Certificação Florestal e Agrı́cola (Imaflora). Broader SERVIR-Amazonia
Consortium members represent a mix of international, regional, and national NGOs,
local and US unversities, government ministries, and research institutions accross the
Amazon Basin. The Amazon Basin is of global relevance, as it is home ot the world’s
largest tropical rainforest.
This research connects space to village by using satellite data to better understand deforestation dynamics that allow improvement of land use and cover mapping and monitoring of the Amazon, and therefore, aid decision-making towards improved management of the Amazon Basin. Additionally, this research complements
SERVIR-Amazonia’s high level goals such as decreasing deforestation, and fostering
an environmentally friendly economy. The use of SAR data contributes to the lack
of adequate information regarding drivers of deforesation and limitation due to cloud
cover in tropical regions. This research also generates baseline information regarding
SAR signatures for key land use and cover types in the Amazon.
This research also benefits the UAH AES program since, by being completed
with input from both SERVIR and UAH scientists, it strengthens the cooperative relationship between NASA and UAH. Moreover, skills learned throughout the coursewok
taken at UAH are heavily used for the completion of this project, since it involves
5

script development and implementation, Geographical Information Systems (GIS),
and remote sensing.

6

CHAPTER 2

A SPATIAL PATTERN ANALYSIS OF FOREST LOSS IN MADRE DE
DIOS REGION, PERU

2.1

Introduction

During the 1980s and 1990s, the loss of natural forests in the Madre de Dios
region, a biodiversity hotspot in the southwestern Amazon (Myers et al., 2000; Peru,
1994), was primarily caused by government subsidized agricultural expansion (Alvarez
and Naughton-Treves, 2003; Chavez and Perz, 2012). However, in the 2000s, gold
mining became an important driver of regional land use and land cover (LULC)
dynamics (Scullion et al., 2014). The Peruvian Government’s reports on annual forest
loss show that rates in the Madre de Dios have been increasing since 2001, reaching
its peak rate in 2017, when this department had the second highest rate of forest loss
in Peru (MINAM, 2017). One of the main reasons for this was the growth of the
Interoceanic Highway which facilitated access to previously isolated forests and gold
exploration sites (Asner et al., 2010; Naughton-Treves, 2004; Scullion et al., 2014)
Recent studies (Asner and Tupayachi, 2017; Espejo et al., 2018; Swenson et al.,
2011) and independent groups (MAAP, 2019) have monitored the expansion of gold
mining activities in this region, showing that artisanal and small-scale gold mining
7

(ASGM) activities are responsible for a large fraction of forest loss. ASGM activities
are characterized for producing less than 100,000 tons per year Run-of-Mine (ROM),
and where the operation involves rudimentary techniques to extract the gold (Seccatore et al., 2014). Additionally, because of the use of liquid mercury, gold mining
is known not only to leave severe impacts in the altered landscapes, but also to be
associated with human health impacts (Ashe, 2012; Diringer et al., 2015; Kahhat
et al., 2019; Yard et al., 2012) and social costs (Kahhat et al., 2019; Vallejo Rivera,
2014). Most of these ASGM activities are reported to be done illegally, although the
Peruvian Government has been trying to implement new regulations and punitive
campaigns against illegal miners (Asner and Tupayachi, 2017; Espejo et al., 2018;
Kolen et al., 2013; Salo et al., 2016).
Understanding the drivers of deforestation is fundamental for the development
of policies and measures to reduce greenhouse gas emissions from deforestation and for
developing forest reference levels (Hosonuma et al., 2012; Kissinger et al., 2012) that
will aid global initiatives such as REDD+ (UNFCCC, 2013). Moreover, indigenous
communities and protected areas have proven to be important players in protecting
the forests by reducing forest cover change and carbon emissions in the Amazon (Asner
et al., 2017; Blackman and Veit, 2018; Nolte et al., 2013) and specifically in Madre
de Dios (Miranda et al., 2016; Scullion et al., 2014; Vuohelainen et al., 2012). Studies
show gold mining-related forest loss inside the Tambopata National Reserve in Madre
de Dios (Asner and Tupayachi, 2017; Espejo et al., 2018), a protected area known to
have high natural and culture value (Torres-Sovero et al., 2012), and high biomass
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stocks (Asner et al., 2010), although there is disagreement as to the significance of
mining-related deforestation within this protected area (Espejo et al., 2018).
Therefore, this study uses satellite remote sensing for a spatial pattern analysis
of forest loss from 2013 to 2018 in the Madre de Dios region to better understand land
use land cover dynamics. While previous research has mapped gold mining-related
deforestation, this paper includes additional analysis regarding rates and patterns of
forest loss within and outside key land tenure areas such as Indigenous communities,
the Tambopata National Reserve, mining concessions, and reforestation concessions,
as well as evaluates the distribution of different drivers of forest loss to assess if other
land uses rather than mining are causing significant forest loss in this region.

2.2

2.2.1

Methods

Study Area
The study area is a 3, 500 km2 subset of the Madre de Dios department of

Peru, which is considered a region of global conservation significance (Myers et al.,
2000) and a deforestation hotspot due to gold exploration (Asner and Tupayachi,
2017; Espejo et al., 2018; MAAP, 2019; Swenson et al., 2011). This area is bordered
to the north and west by the Inambari River, to the south by part of the BahuajaSonene National Park, and to the east by part of the Tambopata National Reserve.
The study area, shown in Figure 2.1, contains large mining sites known as Guacamayo
and La Pampa, as well as many ASGM sites. The Kotsimba indigenous community is
located in the buffer zone of the protected areas, the Arazaire Indigenous community

9

is located to the west of Kotsimba along with the Inambari River, and the Interoceanic
Highway cuts through the study area.

Figure 2.1: Study Area in the Madre de Dios region, Peru

2.2.2

Spatial Features
Indigenous communities, national protected areas and their buffer zones, min-

ing and reforestation concessions, rivers, and the Interoceanic Highway’s shapefiles
were acquired from official national or regional sources (Table 2.1) to perform a spatial
pattern analysis of forest loss.

10

The Kotsimba Indigenous Community (316 km2 ), and the Arazaire Indigenous
Community (13 km2 ) are legally recognized indigenous lands. National and International Laws concerning indigenous peoples’ rights in Peru give indigenous peoples a
number of rights, including land rights, access to natural resources, and right to participate in decision-making processes. National and International Laws concerning
indigenous peoples’ rights include: The Indigenous and Tribal Populations Convention, 1957 (ILO Convention No. 107); Law of native Communities and Promotion
of Agriculture and Livestock Breeding in the Lower and Upper Rain-forest Regions,
1974 (Decree-Law 20653); Law of Native Communities and Agrarian Development in
the Lower and Upper Rain-forest, 1978 (Decree-Law 22175); Indigenous and Tribal
Peoples Convention, 1989 (ILO Convention No. 169); United Nations Declaration
on Rights of Indigenous Peoples, 2007; Law of the Right to Prior Consultation with
Indigenous or Native Peoples, 2011 (Law 29785).
The Tambopata National Reserve (193 km2 , within the study area) and the
Bahuaja-Sonene National Park (420 km2 , within the study area) are National Protected Areas of Peru created, in 2000 and 1996 respectively, to conserve biodiversity
and other associated values of cultural, scenic, and scientific interest, as well as for
contribution of the sustainable development of Peru (SERNANP, 2018). According
to the Law of National Protected Areas of Peru (Law 26834), The Tambopata National Reserve falls into the category of ”areas of direct use”, where the extraction
of natural resources is permitted, primarily by the local population, and under a
management plan. On the other hand, the Bahuaja-Sonene National Park falls into
the category of ”areas of indirect use”, where resources exploration is not permitted
11

(Peru, 1997). These protected areas have buffer zones that provide a transition between unprotected and protected areas and allow limited resource exploration mainly
by indigenous communities (SERNANP, 2018).
The mining concessions allow the holders the right to explore and exploit mineral resources within the area covered by the concession, according to the General
Mining Law (Supreme Decree No. 014-92-EM). The reforestation concessions were
established within the framework of the Peruvian Forestry and Wildlife Law 27308
with the objective to promote, as a priority, afforestation and reforestation for production purposes, protection and environmental services, on lands with greater forest
use capacity without vegetation cover or with scarce tree cover (Peru, 2000).
Data-Shapefile

Source

Mining
Concessions
National Protected
Areas (NPA)
NPA Buffer Zone
Indigenous
Communities
Reforestation
Concessions
Departments
Boundaries
Interoceanic
Highway
Rivers

INGEMMET (Instituto Geologico
Minero y Metalurgico)
SERNANP (Servicio National de Areas
Naturales Protegidas por el Estado)
SERNANP
Amazonia SocioAmbiental/
Instituto del Bien Comun (IBC)
SERFOR (Servicio Nacional
Florestal y de Fauna Silvestre)

Last
updated

Area % of area
(km2 ) of study

6/19/2018

1,599

46%

2/8/2018

613

18%

6/11/2018

1,068

31%

12/2015

329

9%

11/13/2017

729

21%

N/A

N/A

N/A

03/2019

N/A

N/A

5/23/2014

N/A

N/A

MINAM (Ministerio del Ambiente)
OpenStreetMap
Gobierno Regional Madre de Dios

Table 2.1: Source of datasets
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2.2.3

Satellite Data and Pre-processing
Landsat 7 Enhanced Thematic Mapper Plus (ETM+) and Landsat 8 Opera-

tional Land Imager (OLI) Surface Reflectance Tier 1 products (path-row 03-69) from
the dry season, July to September, were collected spanning 2013 to 2018. These
products are readily available in the format of image collections on the Google Earth
Engine (GEE) (Gorelick et al., 2017) platform used for this analysis. Landsat 7
and Landsat 8 granules were separated into different collections at first due to the
difference in band designations (e.g.: RGB bands in Landsat 7 are bands 3, 2, 1, respectively, whereas in Landsat 8 they are bands 4, 3, 2, respectively). A cloud mask
utilizing the Landsat Quality Assessment (QA) band was applied to mask clouds and
cloud shadows of each scene in each collection. A shadow endmember of the Spectral Mixture Analysis were further used to mask remaining cloud shadows. All the
data acquisition and processing were done in GEE, and the accuracy assessment and
creation of the final maps were done using ArcMap 10.6 (ESRI, 2011).

2.2.4

Spectral mixture analysis
Spectral Mixture Analysis (SMA) was used to determine component parts of

mixed pixels. A mixed pixel (r) can be described as a linear combination of spectral
signatures of its endmembers, weighted by their sub-pixel fractional cover (Adams
et al., 1986; Wikantika et al., 2003).

r = Mf + 
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(2.1)

In Equation 2.1, M is a matrix in which each column corresponds to the
spectral signal of a specific endmember, and f is the column vector denoting the
cover fractions occupied by each of the m endmembers in the pixel. The  is the
portion of the spectrum that cannot be modeled using these endmembers (i.e., the
residual).
To map gold mining-related deforestation in this region, using Landsat imagery and the Automated Monte Carlo Unmixing (AutoMCU) algorithm (Asner and
Heidebrecht, 2002) within the Carnegie Landsat Analysis System lite (CLASlite)
(Asner, 2009), Asner and Tupayachi (2017) chose photosynthetic vegetation (PV),
non-photosynthetic vegetation (NPV), and bare substrate (S) as endmembers. Similarly, Espejo et al. (2018) used the same endmembers to map gold mining-related
deforestation in this region, but using a fusion between CLASlite and the Global
Forest Change dataset (Hansen et al., 2013). Bullock et al. (2018) used the ”unmix”
function embedded in GEE to map forest disturbances in the Brazilian Amazon from
Landsat imagery using similar endmembers. The GEE unmixing algorithm is a simple linear mixture model used to unmix each image with a single set of endmembers.
Here, PV, NPV, S, water, and shadow were used as the spectral endmembers and
the ”unmix” function was constrained within GEE to return endmember proportions
that sum to one (i.e., ignoring the  portion, forcing it to be 0) since it often results in physically meaningful estimates (Adams et al., 1993; Daldegan et al., 2019;
Shimabukuro and Smith, 1991; Somers et al., 2011). The reflectance values for each
endmember were extracted from a single Landsat scene (Somers et al., 2011). After
the SMA algorithm was applied to each scene, the two collections were merged into
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a single collection. The resulting unmixed collection was then grouped by year and
composited by the mean value into annual images. To remove the remaining cloud
shadows on the unmixed composites, the pixels that had a shadow fraction greater
than 80% were masked.

2.2.5

Change detection
There are conflicting definitions for the term deforestation. For example, the

Forest and Agriculture Organization (FAO) defines deforestation as ”the conversion
of forest to another land use or the long term reduction of tree canopy below the
minimum 10% threshold” (FAO, 2015). The Global Forest Observations Initiative
(GFOI) implies that deforestation is interpreted as the processes leading to long-term
loss of carbon that result in land-use change (GFOI, 2013). Here the term forest loss
is used rather than deforestation to indicate a negative change in forest cover that
resulted in land cover change. The change detection to indicate forest loss from 2013
to 2018 was based on a modified version of the deforestation algorithm used in the
CLASlite software (Asner, 2009) where a decrease in the photosynthetic vegetation
fraction greater or equal to 50% between a post image and a pre image is used to
indicate forest loss. The final forest change map was composed by two classes: Forest
Loss and No Forest Loss for our study period 2013-2018.

2.2.6

Accuracy Assessment and Identification of potential drivers
PlanetScope and RapidEye multispectral imagery were acquired through Planet

(Planet Labs, 2017) and used to validate the final map. The scenes were acquired for
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a coincident time period, from July to September for the years 2013 and 2018 covering the entire study area. For 2013, 20 scenes with 5-m resolution from RapidEye-1,
RapidEye-2, RapidEye-3, and Rapid-Eye-5 were utilized, and for 2018, 46 scenes with
3-m resolution from PlanetScope were utilized. Following Olofsson et al. (2014), a
stratified random sampling design is employed with proportional allocation (minimum of 150 points), yielding to 150 randomly generated points for the forest loss
class and 950 randomly generated points for the no forest loss class. Obvious classification errors were corrected prior to initiating the validation process as suggested by
Olofsson et al. (2014). These errors were areas of forest loss that were easily identified
as erroneous, such as areas in which it is known that the shadow and cloud masks
were not able to mask appropriately the clouds and/or shadows, and areas alongside
the rivers which change with time due to the morphology dynamics of these water
bodies - river meanders. These erroneous areas (560 km2 ) represent less than 0.16%
of the study area. Each point was visually interpreted as loss or no loss using the
higher resolution imagery. Then, a confusion matrix was generated, yielding overall,
producer’s, and user’s accuracies.
In order to identify potential drivers of forest loss, each of the 150 forest loss
points were simultaneously characterized according to its apparent land cover/land
use using the higher resolution imagery and the 2013-2016 Land use land cover dataset
from the Peruvian Ministry of Environment (MINAM, 2017). The reference categories
chosen for the land cover/land use were: Gold Mining, Agriculture/Pasture, River
Flow, Urban, and Misclassified. The River Flow category represents areas of forest
cover that were lost due to the natural flow of rivers (e.g. pixel was forest in 2013
16

but over the river in 2018). The Misclassified category represents the false positives
of the forest loss class. The methodology is summarized in Figure 2.2.

Figure 2.2: Workflow of methodology employed in this study

2.3

Results and discussions

Progression of forest loss can be observed in the results with concentrations
revealed along the Malinowski River, within the Kotsimba community, on the north
border of the Tambopata Reserve, and within the buffer zone of the protected areas
(Figure 2.3). The estimated areas of forest loss are presented in Table 2.2: a total of
20, 641 ha of forest cover has been lost from 2013 to 2018, with most of it (53%) being
located within the buffer zone of the protected areas (10, 860 ha). The average rate
of loss is 4, 128 ha/yr, however an increase in annual rates is apparent, with 2017-
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2018 being the year of greatest loss (6, 076 ha) for the study area. The Kotsimba
Indigenous Community, located inside of the buffer zone, also shows a higher rate of
forest loss in recent years, 2017-2018, which is about 600 ha/yr, and corresponds to
more than double that from 2013-2014. The areas of forest loss within this indigenous
community are concentrated along a 1-km buffer of the Malinowski River which relates
to ASGM activities (Asner and Tupayachi, 2017). The total area of forest loss within
the Kotsimba community is approximately 2, 000 ha, corresponding to 6% of its total
area, and to 9% of total loss of the study area. Within the protected areas, the total
area of forest loss was 614 ha with the majority in the Tambopata Reserve (605 ha).
Our results are in general agreement with Espejo et al. (2018), Miranda et al. (2016),
and Vuohelainen et al. (2012); even with a 123 ha/yr average rate of forest loss within
the protected areas, the area of loss from 2013 to 2018 still represents only 3% of the
total loss within our study area, and only 3% of the total protected area, suggesting
that protected areas are effective in tempering deforestation rates.
Features/Years
Outside Mining Concessions
Inside Mining Concessions
Areas where Mining and
Reforestation Concessions Overlap
Inside Reforestation Concessions
Kotsimba Indigenous Community
Arazaire Indigenous Community
Total Indigenous Communities
Buffer Zone
Tambopata National Reserve
Bahuaja-Sonene National Park
Total Protected Areas
Study Area

2013 2014 2015
2014 2015 2016
1,650 1,492 1,628
1,688 1,988 1,755

2016 2017 Average
% Total Loss
Total
2017 2018
Rate
Study Area
2,154 3,235
2,032
10,159
49%
2,210 2,841
2,096
10,482
51%

118

280

367

684

511

392

1,960

9%

769
216
35
251
1,811
48
3
51
3,338

598
385
22
407
1,838
9
1
10
3,480

827
298
17
315
1,588
379
0
379
3,383

1,402
479
13
492
2,268
130
1
131
4,364

1,380
574
20
594
3,355
39
4
43
6,076

995
390
21
412
2,172
121
2
123
4,128

4,976
1,952
107
2,059
10,860
605
9
614
20,641

24%
9%
1%
10%
53%
3%
0%
3%
100%

Table 2.2: Annual forest loss (ha) per feature from 2013 to 2018
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Figure 2.3: Forest loss progression in the study area from 2013 to 2018

Our results indicate that 49% of total forest loss areas lies outside of mining
concessions’ locations (Figure 2.4; Table 2.2), which suggests that could be linked to
illegal gold mining activities, or other causes, such as urbanization, agriculture, logging, and cattle ranching. A vast extent of forest loss within the Kotsimba community
(1, 510 ha, or 77%) and within the Tambopata Reserve (443 ha, or 73%) also falls
outside mining permits. A large amount of forest loss (4, 976 ha) happened within reforestation concessions, and, in many cases, the reforestation concessions overlapped
with mining concessions. In these areas of overlap, a total loss of 1, 960 ha is observed
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from 2013 to 2018, which corresponds to 9% of total loss in the study area - relatively
small compared to locations where these concessions do not overlap (51% mining
concessions only; 24% reforestation concessions only). Anderson et al. (2018) states
that due to lack of coordination, the distinct government agencies in Peru allocate
the same land for different uses but this is primarily assumed to be unintentional,
and even if intentional, it is presumed to cause no conflict. Gutiérrez-Vélez and DeFries (2013) observed that companies that intend to expand their palm oil plantations
in Peru, seek to do so in areas that have not been assigned any other use to avoid
conflict. Therefore, the lower rates of forest loss in cases of overlapping land allocations in this region could also be a conflict avoidance strategy between land users,
and that these overlapping allocations could be used as a policy tool for conservation
(Anderson et al., 2018).
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Figure 2.4: Forest loss progression in the study area from 2013 to 2018 including
mining and reforestation concessions

The overall accuracy for the analysis outlined here was 96%, with a confusion
matrix shown in Table 2.3. After characterizing the 150 forest loss sample points,
it is found that 67 points (45%) were related to gold mining, 57 points (38%) were
related to agriculture and/or pastures, 4 points (3%) were related to the natural
rivers’ flow, and 21 points (14%) were forest loss false positives. This confirms that
gold mining was the leading cause of forest loss in the region (Espejo et al., 2018)
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from 2013 to 2018, but also shows that agriculture/pasture areas have a major contribution on driving forest loss. By analyzing the nearest distance to the different
spatial features (Table 2.1) and taking the median value for the forest sample points
characterized as gold mining and agriculture/pasture (Table 2.4), it is found that
gold mining activities occur closer to indigenous communities, protected areas and
their buffer zone compared to agriculture/pasture fields; whereas for the Interoceanic
Highway, rivers, and mining concessions, agriculture/pasture fields appear to be more
predominant than gold mining activities. Therefore, it is suggested that gold mining
activities are the main cause of forest loss within the buffer zone (0.0 km median
nearest distance), and agree with Swenson et al. (2011) that these activities occur
independently of roads (104.5 km median nearest distance). Although agriculture
and cattle ranching show a comparatively high median nearest distance to the Interoceanic Highway (59.7 km), it is important to recognize that this could be due to the
lack of a secondary roads dataset for this research. Moreover, similarly to Asner and
Tupayachi (2017), it is found that it is difficult to explain reasons behind inter-annual
changes in rate of forest loss, but agree with Espejo et al. (2018) that the completion
of the Interoceanic Highway, and the consequent increase in secondary roads network,
helped the increase of forest loss rates over time. Moreover, it is well-documented that
the presence of roads is directly related to deforestation activities around the world
(Busch and Ferretti-Gallon, 2017; Cropper et al., 2001; Liu et al., 1993; Phompila
et al., 2017).
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Sample points (#)
Forest loss-map
No forest loss-map
Reference Totals
Area proportions (1)
Forest loss-map
No forest loss-map
Reference Totals
User’s Accuracy
Producer’s Accuracy
Overall Accuracy

Forest loss-reference No forest loss-reference
129
21
28
922
157
943
Forest loss-reference No forest loss-reference
0.0540
0.0088
0.0276
0.9096
0.0816
0.9184
86%
97%
66%
99%
96%

Map totals
150
950
1,100
Map totals
0.0628
0.9372
1

Table 2.3: Confusion Matrix and Accuracy Assessment

Potential Drivers
Gold Mining

Agriculture/Pasture

Indigenous communities

68.7

132.2

Protected Areas

56.8

220.6

Buffer Zone

0.0

58.2

104.5

59.7

Rivers

6.8

5.2

Mining concessions

9.1

0.0

Reforestation concessions

12.1

12.6

Indigenous communities

24%

2%

Protected Areas

7%

0%

Buffer Zone

85%

26%

N/A

N/A

Rivers

N/A

N/A

Mining concessions

18%

75%

Reforestation concessions

33%

21%

Median nearest
Interoceanic Highway
distance to (km)

% of points inside Interoceanic Highway

Table 2.4: Median distance and percentage of forest loss sample points to spatial
features (N/A: The Interoceanic Highway and Rivers weren’t included in the analysis
since they represent polyline features)
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2.4

Conclusion

The region of Madre de Dios has been and continues to be an extractive frontier to be occupied and exploited for many years now besides its exceptionally rich
concentration of endemic species. It was demonstrated that from 2013 to 2018, 20,641
hectares of forest have been lost where the majority is within the buffer zone of national protected areas. In addition, gold mining seems to be the main driver of forest
loss but agriculture and cattle ranching are also responsible for forest cover change.
These results are in agreement with other recent studies that show an increase in
rates of deforestation in the Amazon: Silva and Lima (2018) estimated an increase
in the deforestation rate from 2009-2012 to 2013-2016 of approximately 49% in the
Amazonian biome of Mato Grosso, Brazil, an extractive frontier primarily characterized by forest cover change due to soy plantations and pasture, rather than mining;
Cabrera et al. (2019) also show increase in mining-related deforestation from 2014 to
2015 in extractive frontiers of Colombia.
The Peruvian government has been trying to control the growth of illegal
gold mining activities in this region through the implementation of legal decrees
and police interventions. Most recently, the Mercury Operation, an intervention
managed by the Peruvian Ministry of Interior that took place in La Pampa from
February to May of 2019 to eradicate the illegal mining activities detained 152 people.
The Monitoring of the Andean Amazon Project has reported that this operation has
contributed to a decrease of 92% (2018-2019) in gold mining-related deforestation in
this region (MAAP, 2019). Furthermore, these law enforcement actions have proven
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to be effective in reducing deforestation in other countries such as Brazil, which
reduced deforestation in the Amazon in 84% from 2004 to 2012 (INPE, 2018b; Tacconi
et al., 2019). Thus, these actions are believed to be crucial for conservation success
across the diverse frontier landscapes in this region.
Conservation areas in this region play an important role in tempering forest
loss since the area of forest loss inside the Tambopata Reserve represents only 3% of
total forest loss in the study area, and inside the Kotsimba Indigenous Community 6%.
Systematic monitoring of forest cover change and the understanding of its underlying
causes is valuable for a better sustainable land management, and for a long-term socioeconomic development of the region. This study underlines the fact that progressive
forest loss expansion continues to prevail in this region. The use of a cloud-computing
platform for accessing and processing time-series data is promising and the use of
spectral mixture analysis as a change detection technique provide accurate results.
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CHAPTER 3

DISTINCTION OF DEFORESTATION DRIVERS IN THE AMAZON
USING SYNTHETIC APERTURE RADAR (SAR) C-BAND DATA

3.1

Introduction

Tropical deforestation and degradation resulting from land use changes pose
a major concern in the international community, since tropical forests are critical in
mitigating climate change (Canadell and Raupach, 2008; Le Quéré et al., 2009; Stern,
2007) and support the richest biodiversity on our planet (Laurance et al., 2012; Lewis
et al., 2015). The Amazon is the largest expanse of tropical rainforest globally and
the reduction in tropical forest on a global scale is well-documented by the research
community (Achard et al., 2014; Austin et al., 2017; Hansen et al., 2013; Song et al.,
2018). As part of an effort to monitor and control Amazon deforestation, countries
such as Peru, Brazil, and Colombia, have been using satellite data to annually map deforestation and/or for early warning detection of deforestation (IDEAM, 2017; INPE,
2008, 2018a,b; INPE and EMBRAPA, 2018; MINAM, 2017).
Understanding processes of LULC change that drive deforestation is relevant towards more sustainable land management and will aid global initiatives (e.g.
REDD+) (UNFCCC, 2014). Therefore, understanding drivers of deforestation is
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fundamental for the development of policies and measures to reduce emissions and
for developing forest reference levels (Hosonuma et al., 2012; Kissinger et al., 2012).
Moreover, identifying drivers of deforestation is a need in current remote sensing technology, as cited, for example, during the International Forum on Forest Early Warning
Systems held in Lima, Peru in July of 2018 (Mora, 2018). Currently, there is a limitation in available data for identifying drivers of deforestation (Kissinger et al., 2012),
which is mostly done by visual inspection (Finer et al., 2018); scientific research related to deforestation drivers has mainly been based on regional to global assessments
(Boucher et al., 2011; Defries et al., 2010; Leblois et al., 2017), and generally not focused on specific drivers (Curtis et al., 2018; Song et al., 2018). Brazil's TerraClass
project (INPE and EMBRAPA, 2018) maps land use and spatial distribution of land
cover in deforested areas defined by the deforestation system PRODES (INPE, 2008)
biannually. Similarly, in Peru, the Peruvian Ministry of Environment has a platform
for deforestation and LULC change monitoring, GeoBosques (MINAM, 2017).
These monitoring systems (IDEAM, 2017; INPE, 2008, 2018a,b; INPE and
EMBRAPA, 2018; MINAM, 2017) are based on optical sensors (e.g. Landsat) which
are heavily influenced by persistent cloud cover (Hansen and Loveland, 2012; Leinenkugel
et al., 2014), identified as a current limitation for Early Warning Systems (Mora,
2018). According to Martins et al. (2018), the northwestern part of the Amazon
presents a persistent cloudy condition (60 to 100%) over a 10-month period. Additionally, the use of optical sensors is unable to distinguish land uses that result in
similar land cover features, for example, croplands and pastures, or different types of
pastures (Grecchi et al., 2013; Hagensieker et al., 2017; Joshi et al., 2016). Moreover,
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agricultural and pasture lands are usually part of a mixed class (Whelen and Siqueira,
2018a). Therefore, Synthetic Aperture Radar (SAR) sensors are an alternative for
mapping LULC in efforts to distinguish drivers of deforestation in tropical regions,
since they have an all-weather and all-day capability, and provide different information than optical data, such as texture, structure, and moisture, all of which were
defined as high priority for exploitation by the Global Forest Observations Initiative
(GFOI) under the Review of Priority Research & Development topics (GFOI, 2013).
Both optical and SAR time series datasets have been widely used for LULC
research, for example in land use and/or land cover mapping (Gómez et al., 2016;
Hagensieker et al., 2017; Li and Bijker, 2019; Nguyen et al., 2018; Rufin et al., 2015;
Steinhausen et al., 2018), crop mapping (Bargiel, 2017; Haas and Ban, 2017; Inglada
et al., 2016; Ottosen et al., 2019; Van Tricht et al., 2018), forest and deforestation
monitoring (Bouvet et al., 2018; Hamunyela et al., 2016; Lehmann et al., 2015; Pratihast et al., 2016; Reiche et al., 2018, 2015), rice agriculture monitoring (Clauss et al.,
2018; Fikriyah et al., 2019; Nguyen et al., 2016; Nguyen and Wagner, 2017; Torbick
et al., 2017), separating cropland and pastures (Müller et al., 2015), land consumption
monitoring (Mastrorosa et al., 2018), burned area detection (Belenguer-Plomer et al.,
2019) and agricultural land abandonment (Yin et al., 2018). Sentinel-1 data present
unprecedented potential for incorporating SAR into deforestation monitoring, alerts
and LULC systems, since the observations are free and openly available, providing
for the first time, dense and regular SAR imagery since 2014.
Therefore, this study 1) assesses the potential of the time series data to develop a LULC classification decision tree as part of an effort to distinguish drivers
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of deforestation, and 2) provides useful information on the applicability of Sentinel-1
data for LULC classification purposes.

3.2

Materials and methods

3.2.1

Study Area
The study area is a 2, 550 km2 subset of the Madre de Dios department of Peru

(Figure 3.1), which is considered a region of global conservation significance (Myers
et al., 2000). The region is also home to some of the last uncontacted indigenous
groups living in voluntary isolation (Peru, 2019). Deforestation in this region was
caused primarily by agricultural expansion and cattle ranching in the 1980s and 1990s
(Chavez and Perz, 2012), and in the 2000s gold mining became an important driver of
regional LULC dynamics (Espejo et al., 2018; Nicolau et al., 2019), making this area
characterized by a mosaic of land uses and covers, which are visible and persistent at
a range of time scales. The Interoceanic Highway (IOH) cuts through the study area
and connects the capital city of Madre de Dios, Puerto Maldonado, to the highlands
to the west, and to the Brazilian state of Acre to the east. The IOH helped spur
deforestation in this region since its construction in 2006 (Southworth et al., 2011).
Navigable rivers and a expanding network of secondary roads also connect the region.
The dry season lasts from July to September and the wet season from December to
March.
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Figure 3.1: Location of the study area in the Madre de Dios region, Peru, and
Sentinel-1 composite of images from July (02, 14, 26) and August (08) of 2019 clipped
to the study area (Red: C-VV, Green: C-VH, Blue: C-VV/VH).

3.2.2

Sentinel-1 time series data and preprocessing
The European Space Agency’s (ESA) Sentinel-1 constellation (ESA, 2019)

provides dual-polarized C-band at 5.405 GHz Synthetic Aperture Radar data in every 12 days with an incidence angle between 20o and 45o . Imagery is acquired at
different swath modes, and of particular interest here is the imagery acquired at
the Interferometric Wide Swath (IW) mode at a 5 meter by 20 meter spatial resolution in the range and azimuth directions, respectively, and at a 10 meter by 10
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meter in ground geometry. Sentinel-1 data is available in single polarization (VV or
HH), or dual-polarization (VV+VH, or HH+HV). In this study, 76 SAR images were
used covering the period January 2017 to August 2019 that were acquired and preprocessed from the Alaska Satellite Facility’s Hybrid Pluggable Processing Pipeline
(HyP3) (Hogenson et al., 2016). The SAR images were dual-polarized (VV+VH)
Sentinel-1B images in the IW mode, Ground Range Detected format in amplitude
values (γ o ) with 10 m resolution, and from Descending orbit over the path number
127.
The preprocessing in the HyP3 platform included the GAMMA Radiometric
Terrain Correction algorithm (Small, 2011), which uses a Digital Elevation Model
(DEM) from the Shuttle Radar Topography Mission (SRTM), for this geographic
location, to create a simulated SAR image so that this image can be matched with
the real SAR image to create a precise SAR geocoded product in Universal Transverse
Mercator (UTM) projection. A radiometric correction is applied using the pixel-area
integration approach (Small, 2011), resulting in a Radiometrically Terrain Corrected
(RTC) product. Additionally, an enhanced Lee Filter (Lopes et al., 1990) is applied
to the time series data to reduce the inherent speckle noise of SAR images. The
enhanced Lee Filter, similarly to the Lee Filter (Lee, 1983a,b), uses local statistics
within individual filter windows to reduce speckle. The enhanced filter puts each pixel
into one of three classes: Homogeneous, the pixel value is replaced by the average of
the filter window; Heterogeneous, the pixel value is replaced by a weighted average;
Point target, the pixel value remains the same (Meyer, 2019).
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3.2.3

Existing LULC dataset from Geobosques
The 2013-2016 Land Use Land Cover dataset was retrieved from the Geo-

bosques platform (MINAM, 2017) primarily for the definition of LULC classes for
analysis and classification. The classes defined for this study were: Forest, Secondary
Vegetation, Agriculture, Pasture, Mining, Urban, and Water. Agriculture, Pasture,
Mining, and Urban are considered as land uses, and therefore, proximate deforestation drivers. The definition of each class can be found below and visual examples are
demonstrated in Figure 3.2.
• Forest: Areas of moist broadleaf tropical rainforests, and patches of evergreen
trees with no evidence of human activities.
• Secondary Vegetation: Areas of regrowth consequent to abandonment of agricultural, pasture, or mining activities.
• Agriculture: Land under cultivation for crops independent of field size and that
can include orchads and groves.
• Pasture: Land used predominantly for grazing in either managed/cultivated
(pastures) or natural (grazing land) setting.
• Mining: Land used for extractive mining activities that is characterized predominantly by bare substract (bare soil and/or sand) and standing water.
• Urban: Urban, built-up areas, settlements and other residential areas.
• Water: Water bodies.
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Figure 3.2: Visual examples of LULC classes (a) Forest, (b) Forest (patch), (c)
Secondary Vegetation, (d) Secondary Vegetation (next to cropland), (e) Secondary
Vegetation (next to river), (f) Agriculture (surrounded by Secondary Vegetation),
(g) Agriculture, (h) Agriculture, (i) Pasture (middle), (j) Pasture, (k) Pasture, (l)
Mining, (m) Mining, (n) Urban, (o) Water
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3.2.4

Reference datasets and accuracy assessment
A total of 3,500 pseudo-randomly generated reference points were collected and

then separated into three different datasets, here called Reference Datasets (RD): RD1
for the time series analysis, RD2 for the decision tree thresholds selection, and RD3
for the LULC classification accuracy assessment. A stratified sampling design was
employed in which the stratification was based on the Geobosques LULC dataset. All
reference points were collected through Collect Earth Online (CEO) (Bey et al., 2016),
which is an open source satellite image viewing and interpretation system developed
by SERVIR and the Food and Agriculture (FAO) as a tool for use in projects that
require LULC reference data.
For the time series analysis and the decision tree thresholds selection, 2,500
points were collected. These were generated as 90 stratified random plots of 5 hectares
with 25 gridded points each (2,200 points total) and an extra 300 randomly generated
points. The points were classified as one of the seven classes outlined in section 2.3. In
order to have class consistency through time, both Digital Globe WMS 2016 imagery
and Digital Globe Recent Imagery were analyzed, and points with a change in class
were discarded.
For the LULC classification accuracy assessment, our stratified sample size and
design were defined following Olofsson et al. (2014). Each point was visually interpreted using the Digital Globe Recent Imagery (0.31 m) in CEO and also PlanetScope
(3 m) imagery (Planet Labs, 2017). Since our classification is applied to a Sentinel-1
composite of April, May, and June of 2019, PlanetScope multispectral imagery was
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Number of
points
per class
Forest
Sec. Vegetation
Agriculture
Pasture
Mining
Urban
Water
Total

Time Decision Accuracy
Series
Tree
Assessment
(RD1) (RD2)
(RD3)
892
892
380
122
121
350
54
54
150
42
41
30
52
51
30
41
41
30
48
49
30
1251
1249
1000

Table 3.1: Stratified Random Sampling Allocation

acquired from days 23, 29, and 30 of June 2019, covering the entire study area. A confusion matrix was generated, yielding overall, producer’s, and user’s accuracy. Table
3.1 shows the proportional allocation for each RD.

3.2.5

Time series analysis and metrics
The Sentinel-1 time series data downloaded from HyP3 and the reference

points collected from CEO were uploaded to Google Earth Engine (GEE), a planetaryscale platform for Earth Science data and analysis based on the cloud that facilitates
processing of large datasets (Gorelick et al., 2017).
Due to persistent speckle effect in the Sentinel-1 time series data, the imagery
was composited into quarterly composites (i.e.: 3-month composites). Besides VV
and VH polarizations, the ratio VV/VH was calculated since the use of different
polarization ratio have showed favorable results in class separability (Fikriyah et al.,
2019; Nguyen and Wagner, 2017; Symeonakis et al., 2018). We also utilized a modified
version of the Radar Forest Degradation Index (RFDI, Equation 3.1) (Mitchard et al.,
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2012), which is a ratio between the HH and HV polarizations meant to measure the
strength of the double bounce term and distinguish vegetation types, and has proven
to be useful in LULC mapping (Deus, 2016; Ningthoujam et al., 2016). In this
case, the modified version (mRFDI) utilizes the VV band instead of the HH band
(Equation 3.2) since the latter is not available. This is expected to highlight rough
surface scattering and potentially also distinguish vegetation types.

RF DI =

γ o HH − γ o HV
γ o HH + γ o HV

mRF DI =

γ o VV − γ o VH
γ o VV + γ o VH

(3.1)

(3.2)

Time series plots (Figure 3.3) were produced for each class where the backscatter value for a point in time is the mean of pixel values extracted from the reference
points (RD1). Then, for each of the 4 bands (VV, VH, VV/VH, mRFDI), statistical metrics such as mean, minimum, maximum, maximum-minimum ratio, standard
deviation (SD), and coefficient of variation (CV) were extracted from the time series
for each class also as the mean of pixel values, resulting in 24 backscatter-temporal
variability metrics. Additionally, for bands VV, VH, and VV/VH, the difference between the values at a point in time t+1 and in time t is extracted, resulting in 30
additional backscatter-temporal metrics (11-1 quarterly composites x 3 bands).
The separability measure (Equation 3.3) (Mansaray et al., 2017; Wu et al.,
2011) is calculated to conduct a difference analysis of classes as useful information to
define the classification decision tree. Two classes are said to be well separated if the
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distance between their respective class means is larger than that of their standard
deviations. Values above 0.8 are considered useful, and values above 2.0 indicate
nearly complete class pair separation (Wu et al., 2011).

Figure 3.3: Temporal backscatter profile of classes at (a) VV polarization, (b) VH
polarization, (c) VV/VH, (d) mRFDI

S ab =

|µa − µb |
σa + σb

(3.3)

where µa , µb and σ a , σ b are the means and standard deviations of classes a and b,
respectively. Figure 3.4 shows that classes with similar land covers, and, therefore,
similar backscatter response, such as Secondary Vegetation-Forest and Secondary
Vegetation-Agriculture present less separability potential than classes such as MiningUrban, and Pasture-Urban that have distinct scattering mechanisms.
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Figure 3.4: Separability Measure by classes. The class pairs from left to
right are AP: Agriculture-Pasture, AM: Agriculture-Mining, AF: AgricultureForest, AU: Agriculture-Urban, MP: Mining-Pasture, MU: Mining-Urban, MF:
Mining-Forest, PF: Pasture-Forest, PU: Pasture-Urban, FU: Forest-Urban, SVF:
Secondary Vegetation-Forest, SVA: Secondary Vegetation-Agriculture, SVP: Secondary Vegetation-Pasture, SVM: Secondary Vegetation-Mining, SVU: Secondary
Vegetation-Urban. The bars represent the bands VH, VV, VV/VH, and mRFDI,
and the line represents the threshold of 0.8. Values that exceed a measure of 2.0 are
not shown on the graph.

3.2.6

Thresholds, decision tree, and LULC classification
From the signatures and metrics results, decision tree rules and thresholds were

pre-defined for a pixel-based LULC classification. Empirical decision tree classifiers
utilizing radar and/or optical data have demonstrated potential for LULC classification (Chen et al., 2016; Hosonuma et al., 2012; Lopez-Sanchez et al., 2014; Mishra
et al., 2011; Saah et al., 2019). The rules and thresholds were tested utilizing reference
points from RD2. For each class rule/threshold, the percentage of points of that class
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that attended this rule (true positive rate) and the percentage of points of all the
other classes that did not attend this rule (false positive rate) were calculated. The
selection of rules was optimized by selecting the ones that had higher true positive
rate and/or lower false positive rate. The classification decision tree (Figure 3.5) was
applied to the latest quarterly composite of our time series (March, April, and June of
2019) based on data from the previous quarterly composites (January 2017 to March
2019). The methodology is summarized in Figure 3.6.

3.3

Results and Discussion

Figure 3.7 shows the spatial distribution of Sentinel-1-based land use land cover
classes for the study area. The confusion matrix (Table 3.2) shows that the pixelbased decision tree classification does, overall, a poor job in classifying land uses and
covers classes in this region. The overall accuracy obtained was 52%. The Forest
and Water classes had high user’s accuracy, 97% and 94%, respectively, but fairly low
producer’s accuracy, 69% and 52%, respectively. Most of the omissions in the Forest
class were related to pixels being classified as Secondary Vegetation, whereas most
of the omissions in the Water class were related to pixels being classified as Mining.
It was expected to observe some confusion between the Mining and Water classes
since these mining activities are characterized by turbid water ponds (Espejo et al.,
2018). The Urban class had a user’s accuracy of 53% with most of the commissions
in the Forest class, and a producer’s accuracy of 13% with most of the omission errors in the Secondary Vegetation class. The Agriculture and Secondary Vegetation
classes had similar producer’s accuracy, 59% and 58%, respectively, with omission
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Figure 3.5: Decision Tree for LULC classification based on time series Sentinel-1
data (values in amplitude).
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Figure 3.6: Workflow of LULC classification based on Sentinel-1 time series data
and reference datasets (RD1, RD2, RD3).

errors mainly due to agriculture pixels being classified as secondary vegetation and
vice-versa. Agriculture user’s accuracy was 6% whereas Secondary Vegetation’s was
23% both with commission errors mainly in the Forest class. Pasture had a fair user’s
accuracy of 77% and a producer’s accuracy of 40%, with commission and omission
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errors mainly in the Secondary Vegetation class. The Mining class had the worst
performance with both commission and omission errors of 100%. Most of the commission errors were in the Agriculture class, and most of the omission errors were in
the Secondary Vegetation and Water classes.

Figure 3.7: Spatial distribution of Sentinel-1-based land use land cover classes in
the study area.

Figure 3.8 shows probability density function (PDF) plots for backscattering
coefficients of pixels from the 7 classes derived from the 1,259 reference points of
RD1. The overlap between most of the classes is clearly observed from the distributions, which is also observed from the time series plots (Figure 3.3), and can explain
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the poor classification results from the decision tree. Agriculture, Pasture, and Secondary Vegetation have very similar bacskcatter response due to the presence of low
vegetation. The Forest class also presents similar values compared to these classes.
Although C-band signal can penetrate the ground beneath boreal forests, C-band’s
lower penetration depth prevents the radar beam to fully penetrate the denser and
layered canopy structure of rainforests, resulting in rapid saturation. Moreover, even
though efforts were made to ensure that the reference points from RD1 were consistent
through time, agricultural activities and pasture management in tropical rainforests
are characterized by slash-and-burn processes that result in sudden changes in LULC
that can be followed by regrowth due to abandonment, making the discrimination
between some classes difficult (Hagensieker et al., 2017; Liesenberg and Gloaguen,
2012). These fallow periods as part of agricultural and pastoral practices could also
justify the confusion between Mining and Agriculture/Secondary Vegetation. Many
of these mining activities are considered to be nomadic, which would result in vegetation regrowth in these areas after the extraction of gold (Asner and Tupayachi, 2017).
The 95% percentile values in dB from the distribution of the Agriculture, Pasture,
Secondary Vegetation, and Forest classes are, respectively: VV: -5.1, -6.2, -4.8, -4.9;
VH: -11.8, -12.0, -11.2, -11.2; VV/VH: 8.0, 7.4, 7.9, 7.9; which confirms the similarities
of backscatter responses. Additionally, most crop yields cultivated in Madre de Dios
are wheat, banana, papaya, rice, and brachearia (grass) (GOREMAD, 2019; MINAGRI, 2015, 2017). Wheat and brachearia share a similar structure with pasture which
could justify some confusion between these classes. When classifying croplands over
North Dakota, Whelen and Siqueira (2018b) also found frequent confusion between
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wheat and grass/pasture. The confusion between Agriculture, Secondary Vegetation,
and Forest could also be justified by the similarity between orchard structure and
native/regrowth vegetation.
Since the Water class presents a distinct distribution profile, compared to the
other classes, characterized by lower backscatter response due to its smooth surface,
the decision tree performed well in classifying this land cover. The accuracy of SAR
data to map water bodies and flood extents has been proved by many studies (Clement
et al., 2018; Liang and Liu, 2020; Pham-Duc et al., 2017; Xie et al., 2016).
When analyzing the Secondary Vegetation, Pasture, and Agriculture basckscatter response in our time series plots (Figure 3.3), it is found somewhat similar values to Numbisi et al. (2019) time series plots for Transition/Secondary Forests (here
compared to Secondary Vegetation), Subsistence Farming (here compared to Agriculture), Perennial cocoa agroforests (here compared to Agriculture/Secondary Vegetation/Forests), and Shrub/grassland Savannah (here compared to Pasture). Numbisi
et al. (2019) utilized Sentinel-1 C-band SAR imagery (2015-2017) to discriminate
agroforests from transition forests in a heterogeneous landscape in central Cameroon
by using a Random Forest Classifier and a grey level co-occurrence matrix (GLCM)
(Haralick et al., 1973).
Many other studies have used SAR data, GLCM, and Machine Learning algorithms (e.g. Random Forests, Support Vector Machine) for LULC classification
and demonstrated better accuracies (Mishra et al., 2017; Ngo et al., 2020; Silva
Guimarães et al., 2020; Uhlmann and Kiranyaz, 2014; Zakeri et al., 2017), which emphasizes that texture information and Machine Learning are extremely relevant for
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Sample counts (#)
Water map
Urban map
Mining map
Pasture map
Forest map
Agriculture map
Sec. Veg. map
Reference totals
Area proportions (1)
Water map
Urban map
Mining map
Pasture map
Forest map
Agriculture map
Sec. Veg. map
Reference totals
User’s Accuracy
Producer’s Accuracy
Commission Error
Omission Error
Overall Accuracy

Water
reference
29
2
10
1
0
2
1
45
Water
reference
0.0242
0.0001
0.0063
0.0010
0.0000
0.0021
0.0010
0.0348
97%
69%
3%
31%
52%

Urban
reference
0
16
1
0
0
2
4
23
Urban
reference
0.0000
0.0011
0.0006
0.0000
0.0000
0.0021
0.0041
0.0079
53%
13%
47%
87%

Mining
Pasture
reference reference
0
0
0
1
0
2
1
23
0
4
6
8
1
21
8
59
Mining
Pasture
reference reference
0.0000
0.0000
0.0000
0.0001
0.0000
0.0013
0.0010
0.0238
0.0000
0.0043
0.0064
0.0085
0.0010
0.0215
0.0085
0.0594
0%
77%
0%
40%
100%
23%
100%
60%

Forest
reference
1
10
1
2
359
95
239
707
Forest
reference
0.0008
0.0007
0.0006
0.0021
0.3817
0.1013
0.2451
0.7324
94%
52%
6%
48%

Agriculture Sec. Veg.
reference
reference
0
0
0
1
4
12
0
3
0
17
9
28
4
80
17
141
Agriculture Sec. Veg.
reference
reference
0.0000
0.0000
0.0000
0.0001
0.0025
0.0076
0.0000
0.0031
0.0000
0.0181
0.0096
0.0299
0.0041
0.0821
0.0162
0.1408
6%
23%
59%
58%
94%
77%
41%
42%

Map
Area
totals proportions
30
2.5%
30
0.2%
30
1.9%
30
3.1%
380
40.4%
150
16.0%
350
35.9%
1000
100%
Map
totals
0.0250
0.0020
0.0190
0.0310
0.4040
0.1600
0.3590
1

Table 3.2: Confusion matrix shown as sample counts and proportions of area estimates, area estimates of each class derived from the stratified random sample, and
accuracy measures.

SAR-based LULC mapping. Machine learning is among the most reliable approaches
for classification since it has the ability to approximate the values from input observations without prior knowledge of the relationship between the data (Lary et al.,
2016). However, they are considered ”black-box” models, i.e., not capable of generating practical prediction equations (Lary et al., 2016). Therefore, the effort on
utilizing an empirical decision tree was to understand the physical meaning behind
the Sentinel-1 backscatter response over different LULC as effort to improve research
on deforestation drivers.
The Urban and Forest mean values observed in the time series (Figure 3.2)
are in general agreement with Zhou et al. (2018), which utilized Sentinel-1 data to
explore the impact of seasonality on Urban land cover mapping over an area in China.
Although the Urban class had a different response compared to the other classes on
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Figure 3.8: Probability density functions for backscattering coefficients of RD1; (a)
VV, (b) VH, (c) VV/VH, (d) mRFDI

the VV, VV/VH, and mRFDI plots (Figure 3.2, there is a bimodal distribution in
the PDFs (Figure 3.8). This bimodal distribution can be explained by the distinct
orientation of streets in Puerto Maldonado. From Figure 3.9, it is clear that the radar
responses (3.9b) vary according to the orientation of the streets (3.9a). Area 1 of the
figure shows higher backscatter response in the VV polarization, whereas area 2 shows
higher backscatter response in the VH polarization. Area 3 demonstrates a mixture
of responses from both polarizations. Basly et al. (1999) found that large effects
on radar signal when analyzing an urban environment originate not only from the
geometry of urban features but also from their orientation relative to the spacecraft
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Figure 3.9: Visualization of the city of Puerto Maldonado (a) Digitized streets
(Streets were digitized utilizing ESRI ArcMap 10.6), (b) Sentinel-1 composite of images from July (02, 14, 26) and August (08) of 2019 (Red: C-VV, Green: C-VH,
Blue: C-VV/VH), (c) RGB PlanetScope image from July 30, 2019.
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orbit. Huadong (2001) infers that high backscatter occurs when streets orientation
are nearly parallel to the flight line. Hong and Wdowinski (2014) also observed a
limitation due to streets orientation. Cao and Jin (2005) developed a clustering of
streets by orientation that improved urban road network extraction. This difference in
signal response from orientations is not observed from the optical image (3.9c), which
shows homogeneous response from the three areas. Optical data-based classification
over urban areas could also be an alternative. Many studies have successfully utilized
optical imagery for urban mapping (Liu et al., 2019; Schug et al., 2018; Xu et al.,
2018). Moreover, there is a limitation by the lack of HH polarization which is more
suitable to distinguish urban features due to its double-bounce scattering nature.
As an aside, I believe that the ”Forest line” visible on the left side of the study
area in the classified map (Figure 3.7) is due to thermal noise effects from some of
the RTC Sentinel-1 images. Ali et al. (2018) and Park et al. (2019) propose methods
for thermal noise correction that could have been applied to this study.
The salt-and-pepper effect on the classified map could be slightly improved
by the application of a 3x3 median filter as done before by Chen et al. (2016). A
potentially better approach could be an object-based classification (Cleve et al., 2008;
Liu et al., 2019), instead of a per pixel based classification. Short-term changes in the
land covers/uses (e.g. slash-and-burn processes for croplands and pasture lands) that
often leads to abandonment and regrowth, could have been accounted by sampling
points not only based on the years 2016 and 2019, but also from years in between.
Moreover, including a bare soil class would greatly increase the classification accuracy
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since this would account for sand/bare soil around meandering rivers, and for earth
roads.

3.4

Conclusions

Understanding processes of land use and cover change that drive deforestation is vital towards estimation of carbon emissions and sustainable management.
The use of Sentinel-1 time series data was investigated for the development of a
LULC classification decision tree based on different polarizations and metrics as an
effort to distinguish drivers of deforestation. The resultant LULC map from this
decision tree showed overall low accuracy (52%) based on high resolution imagery
from Planet and Digital Globe. However, the thresholds and rules for Pasture classification (user’s accuracy = 77%) could be further explored as an improvement to
distinguish deforestation due to Pasture from deforestation due to Agriculture. The
different successional stages of agricultural activities and similarities in structure of
certain croplands and vegetation from regrowth make it harder to efficiently map agriculture, secondary vegetation, and forest in this region. Further studies may focus
on extending existing deforestation monitoring systems for the identification of the
cause by combining optical and SAR imagery, with texture information, and utilizing
combined methodologies here discussed.
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CHAPTER 4

CONCLUSIONS

4.1

4.1.1

Summary of Chapters Two and Three

A Spatial Pattern Analysis of Forest Loss in the Madre de Dios
region, Peru
Landsat 8 Operational Land Imager and Landsat 7 Enhanced Thematic Map-

per Plus surface reflectance data spanning 2013 to 2018 were analyzed using cloudbased Spectral Mixture Analysis to identify patterns of forest loss for each year within
and outside key land tenure aras. High-resolution PlanetScope (3m) and RapidEye
(5m) imagery were used to validate the forest loss map and to identify the potential
drivers of loss. Results show large areas of forest loss, especially within buffer zones of
protected areas. Forest loss also appears in the Kotsimba Native Community within
a 1-km buffer of the Malinowski River. In addition to gold mining, agriculture and
pasture fields also appear to be major drivers of forest loss for our study period. This
study also suggests that gold mining activity is potentially not restricted to the legal
mining concession areas, with 49% of forest loss occurring outside the mining concessions. Overall accuracy obtained for the forest loss analysis was 96%. These results
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illustrate the applicability of a cloud-based platform not only for land use land cover
change detection but also for accessing and processing large datasets; the importance
of monitoring not only forest loss progression in the Madre de Dios, which has been
increasing over the years, especially within buffer zones, but also its drivers; and
reiterates the use of SMA as a reliable change detection classification approach.

4.1.2

Distinction of Deforestation Drivers using Synthetic Aperture Radar
(SAR) C-band data
Synthetic Aperture Radar (SAR) data have all-weather and all-day capabil-

ity, and thus are well-suited for mapping land use land cover (LULC) in tropical
regions, which are seasonally influenced by cloud cover. This study analyzes the
applicability of SAR Sentinel-1 data for LULC classification as an effort to differentiate deforestation drivers, which can lead to a better sustainable land management,
and is fundamental for the development of policies and measures to reduce emissions
and for developing forest reference levels. Collect Earth Online is used for reference
LULC data collection, and seven classes are defined for this study: Forest, Secondary
Vegetation, Agriculture, Pasture, Urban, Mining, Water. Amplitude γ o time-series
spanning 2017-2019 are analyzed along with statistical metrics for each class, and a
classification decision tree is developed in Google Earth Engine. Overall accuracy
obtained is considered low (52%). Results show high user’s accuracy for forest and
water classification, a lot of confusion between agriculture, secondary vegetation, and
forest, and the use of the polarization ratio VV/VH is suggested to be useful for
pasture classification. The orientation of streets in a urban environment is confirmed
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to have high influence on backscattering response. This study provides information
for future research on the identification of drivers in deforestation monitoring systems
that could result in additional actionable information for decision-making.

4.2

Conclusions

Accurately mapping deforestation dynamics and providing information on deforestation drivers across space and time will increase the capacity of decision makers
to take action for a better sustainable land management, inform on conservation efforts, assist on analyzing carbon emissions, while also contributing for the planning
of a better long-term socio-economic development of the region. This project gives
essential information on the use of SAR to distinguish deforestation drivers to the
local stakeholders while supporting the SERVIR-Amazonia objectives and goals. Finally, the scripts developed in this project can be reused for other purposes, which
strengthens the open source and capacity building concepts.

4.3

Future Directions

Future work will incorporate more complex decision tree and machine learning
algorithms for the identification of deforestation drivers, as well as the use of SAR
L-band data instead of C-band data for comparison. Additionally, a fusion between
optical and SAR imagery for more accurate land use land cover classification will be
considered. Future work will include time series analysis of climatic variables such as
precipitation for comparison with the SAR backsatter response, and an object-based
classification approach.
52

REFERENCES
Achard, F., Beuchle, R., Mayaux, P., Stibig, H. J., Bodart, C., Brink, A., Carboni, S.,
Desclée, B., Donnay, F., Eva, H. D., Lupi, A., Raši, R., Seliger, R., and Simonetti,
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